The available satellite-derived estimates of rainfall, product of various algorithms, reveal unsystematic errors when compared to in-situ measured data. This acknowledgement, its low resolution, and the impossibility of spatially distribute the bias correction make these estimates useless for accurate basinscale hydrological modeling. An initial downscaling scheme is presented in this paper, which main basis is the linkage of characteristics of in-situ measurements with the inter-scale relationships of statistical parameters that describe the spatial distribution of local fluctuations of rainfall intensity. The results show the next path along which later research should be conducted in order to take advantage of these datasets.
INTRODUCTION
The development of computer´s capacity for processing data allowed distributed hydrological models to handle parameterized grids at finer scales; however, the ability for getting the actual values for every single grid at these fine scales for all the analyzed area still remains an issue that causes uncertainty with respect to the model´s outputs 1) . Undoubtedly, the most important input is rainfall intensity, but the fact that raingauge stations are separated by large distances in most regions over the world made scientist look for methods to spatially distribute the available data. Nevertheless, precipitation is hard to predict because of its intermittency in time and space; moreover, this methods do not consider some other factors that might contribute to the spatial distribution of rain like orography or previous climate conditions. Thus, plane interpolation of punctual rainfall data might make the hydrological model's output (river discharge) to be under or overestimated 2, 3) . The development of satellite-derived rainfall has become a tool to estimate rainfall intensity in vast unreachable regions. Unfortunately, recent studies have shown the presence of unsystematic errors after comparing these rainfall estimates with in-situ measurements and local highly accurate radar datasets 4, 5) . On account of this reason and the low spatial resolution, they cannot be directly used in hydrological modeling for accurately computing river discharge. Therefore, this paper aims to develop an initial theoretical approach to correct these worldwide available products and be able to conjecture the variability at fine scales (suitable for hydrological modeling). The methodology uses insitu measured rainfall to relate the local fluctuations of rainfall between scales; and thus, satellite-derived rainfall is down-scaled into finer scales by the proposed statistical scheme.
MAIN THEORETICAL BASIS (1) Self-similarity in rainfall
Since the notion of self-similarity and fractional dimensions (fractality) researchers demonstrated the presence of this mathematical phenomenon in many geophysical fields that include cloud formations, turbulence, river networks and topography. An object is invariant with scaling (or selfsimilar) if it is reproduced by magnifying some portion of it. In other words, the magnitude of an object´s part in an immediate next scale is equal to itself times a scaling factor being indifferently augmentative (>1) or reductive (<1) 6) . Figure 1 shows an example of self-similarity in which the object is reproduced in each branch but reduced times a scaling factor of 0.25. The same condition can be seen for all smaller branches. The scaling factor is constant between all scales.
At first, there were attempts to prove the presence of simple scaling or monofractality in cloud formations and rainfall intensity, yet further research revealed that multiple scaling schemes (multifractals) generated better results 7, 8) . Nonetheless, another stream of research persisted on developing the idea of using simple scaling, not applied to rainfall intensity but instead to the deviations from a large-scale mean component (fluctuation process).
(2) Definition of local fluctuations of rainfall 9, 10) In order to work under a stochastic framework, rainfall should be considered as a two-dimensional arrangement of equally sized grids. Under this consideration, Figure 2 shows the discretization of the rainfall process on a twodimensional grid at a relative scale m (segmented lines). Thus, the average process (rainfall intensity) in one grid at a larger scale m+1 is defined as the mean of its four components:
The indices (j,i) define the position of the grid at relative scale m; and the indices (n,k) define the position of the grid at scale m+1.
However, when averaging, some information is lost and the values of the grids at relative scale m cannot be recovered. Fort this reason, the multiscale local fluctuations X' m+1,d are defined as gradients of the rainfall field, and are directional parameters that retain information of the process in the vertical (index d=1), horizontal (index d=2), and diagonal (index d=3) direction 11) :
If the values of the local fluctuations could be somehow estimated, it would be possible to disaggregate the value of rainfall intensity from a grid at a relative scale m+1 into its 4 component grids at relative scale m. 
I_170
This area is located in East Japan and covers almost all Kanto area and a small percentage of Tohoku and Chubu area. The advantage of choosing this site is the possibility of using the available highly accurate rainfall datasets.
For this study, the Automated Meteorological Data Acquisition System (AMeDAS) datasets are considered as "true value" of rainfall. Over 1400 stations operate all over the Japanese islands, making it one of the most dense meteorologicalstation networks in the world. As well, the study uses the radar-AMeDAS (RA) composites, which is an estimation of precipitation rate produced by the Japan Meteorological Agency (JMA). It covers the Japanese islands and the surrounding sea areas. The estimates are created by combining a composite of JMA precipitation radars calibrated using the AMeDAS raingauge measurements 12) . Since 1988, the dataset is available hourly with a resolution of 5x5 km approximately. The temporal resolution changed to 30 min in June 2003, and the spatial resolution changed to 2.5x2.5 km in April 2001 and to 1.0x1.0 km in January 2006.
The RA composite datasets were interpolated into 2x2 km grid datasets; this action allows computing aggregated intensities of rainfall at larger scales up to a total area average of 128x128 km.
Following equations 2, 3 and 4, the local fluctuations where computed for 16 rainy days in the spring-summer seasons (May to October) between 2001 and 2005 at different relative scales. These rainy days where chosen because of having an average rainfall intensity over 15 mm/day; this characteristic is important because past research revealed high level of detection of satellite-derived estimates for heavy rainfall 13) , which will be used later to test the proposed scheme.
The computed values of local fluctuations (in the three directions) separately at each scale did not exhibit a specific frequency distribution; however, the absolute values showed good adjustment to Gaussian symmetric stable distributions at scales with grid size ranging from 2 km (relative scale m=2) to 32 km (relative scale m=6). A symmetric stable distribution (SSD) is function of 3 parameters, α (characteristic exponent between 0 and 2), δ (location parameter), and c (scale parameter). If α=2, the distribution becomes normal (Gaussian) and is the only stable distribution for which second and higher absolute moments exist 16) . This means that for an ensemble of values that adjust well to Gaussian SSDs, the mean and variance exist and can be defined.
Since it has been proven that the mean and standard deviation of the frequency distribution of the absolute values of local fluctuations exist for the three directions at each scale, they had been computed and compared against the relative scale m for each event separately.
It was observed that generally the mean values at each scale, as well as the standard deviation values, are related by a constant scaling factor from one scale to another (exponential relationship). In this paper is shown graphically the results of the rainy event on July 13 th , 2002 ( Figure 4) ; however, similar results were obtained for all mentioned rainy days. These outcomes demonstrate the presence of self-similarity in the distribution of local fluctuations of rainfall intensity. Self-similarity (simple scaling) is established if the distribution functions of the fluctuations satisfy the following scaling condition (exponential relationship) 15) :
where H d represents the scaling exponent and D  stands for equality in distribution. Supposing that the relationship is kept for relative scales m=1 (grid size = 1 km) and m=0 (grid size = 0.5 km), the absolute value for X' 1,d would be the point where the adjusted exponential curves shown in Figure 4 hit the vertical axis. By performing logarithmic regression to these curves, the parameters H d and X' 1,d where estimated for the 16 rainy days. The values of coefficient of determination (R 2 ) showed generally good (over 0.7) to excellent (over 0.9) adjustment; the few cases in which they don't adjust so well is observed in only some direction and can be caused by the presence of highly anisotropic 
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convective systems. This could be fixed by standardizing the values of the local fluctuations, i.e., dividing by its local average 15) . Nevertheless, in some cases the trend is lost at the highest relative scale, allegedly caused by the limited number of values that are available at m=6 (grid size = 32 km).
For all the selected rainy days, the mean and standard deviation at the relative scale m were compared with the average AMeDAS raingauge measured intensity (P); a linear relationship was found for all three directions ( Figure 5 ). The relationships for the mean and standard deviation (s.d.) of the distribution are the following:
The relationships presented in equations 6 to 11 have a coefficient of determination of 0.65, 0.86, 0.72, 0.63, 0.64, and 0.60 respectively. Even though the measurement of intensity is likely to be different from one location to another in a range of 128 km, the difference of these values is +/-0.004P for the vertical and horizontal direction and +/-0.002P for the diagonal direction. Evidently, at the moment these relationships are valid only for the studied area where high-resolution datasets (RA) permitted this small-scale analysis. Consequently, a next step should be to verify these relationships at other locations (countries) with similar datasets before applying the scheme to less developed regions. 
STRUCTURE OF THE DOWNSCALING SCHEME
The structure of the down-scaling scheme will be explained according to the Figure 6 .
(1) Input data
In order to uphold the objective of the research and be able to use the proposed scheme all around the world, the input data should be: (i) a raingauge station which contributes with the true value of rainfall intensity at a known location, and (ii) the satellite-derived rainfall estimates that contributes with the location of high and low concentration of rainfall intensity. Among the many available satellite-derived precipitation estimates being infrared-based, passive microwave-based or a combination of both, analyses of error denoted better detection and lower amplitude of bias in the Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA) products 4, 5, 13, 14) , specifically the one labeled 3B42 version 6 that has a final stage gauge-adjustment included in its algorithm 15) . This is the dataset that will be used in this study. The dataset is available 3-hourly with a spatial resolution of 25x25 km approximately.
(2) Inter-scale relationships
According to the explained main theoretical basis that reveals the presence of self-similarity in the distribution of local fluctuations of rainfall, the scaling parameters H d and X' 1,d from equation 5 are computed for the rainy event. The estimation of parameter H d is done by doing the logarithmic regression to values computed from the TMPA datasets at relative scales with grid size ranging from 16 to 64 km. This procedure starts with the supposition that the average rainfall intensity at the smallest relative scale (m=0, 0.5 km grid size for this study) is equal to the measured intensity. In a 2x2 subset of grids, if we consider one of the four grids as a known value, the other three can be computed by using equations 1 to 4. Consequently, the (n,k) intensity at scale m+1 will be the average of these four, and then we would start again with a known value which allows computing the other three values of the 2x2 subset of grids at scale m+1 (Figure 7 ). This procedure can be reproduced until reaching the largest scale. In this study the largest grid size value is equal to 128 km (m=8).
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(4) Disaggregation into finer scales
The value of the local fluctuations in any grid (n,k) at a relative scale m+1 is given by the relationship:
where z is a real number that follows a normal distribution with mean equal 0 and standard deviation equal to 1, R z  with N(0,1) . The value z failed at showing any relationship with properties of land surface (altitude or location); also, it is independent in the three directions (vertical, horizontal and diagonal). Thus, it was decided to define z as a random variable with normal distribution. However, since absolute values were used, still remains the problem of defining the sign of the fluctuations for the three directions. The solution was to include a comparative test that chooses the best combination of signs for which the TMPA spatial distribution of rainfall intensity is maintained. All grids at scale m will be computed by using the random variable and their respective mean and standard deviation of the distribution.
Even though, the process explained ensures that the local fluctuations inside any 2x2 subset follow a normal distribution, there is no certainty that this will happen between them and grids from a contiguous 2x2 subset of grids. In other words, the use of randomness might cause some big differences in magnitude between contiguous grids from a different 2x2 subset of grids. In order to mitigate this issue, an iterative check of "differences" is performed by the model before going to the next small scale. These differences are evaluated upholding the local fluctuations distribution in each of the three directions. The process is repeated until reaching the desired scale (m=0).
(5) Scheme´s output
The proposed scheme produces correcteddownscaled rainfall data over the studied area (grid size equal to 0.5 km for this study). Figure 5a shows the RA composite for the event on July 13th, 2002 at 2.5 km of resolution approx. 
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Figure 5b shows the TMPA estimates for the forth-mentioned event. Figure 5c (5d) shows the scheme's output using the information from station Tatebayashi (Maebashi) with 0.5 km of resolution. In order to make a proper comparison of the results, Figures 5e, 5f and 5g show the scattergraph of the estimated datasets in the vertical axis (TMPA, Tatebayashi output, and Maebashi output respectively) with respect to the RA composite located in the horizontal axis. Similar results were observed for the other 15 events; generally, dispersion and amplitude of bias is greatly reduced.
These first results use only one station as input; this might be the cause of why Tatebayashi´s output is larger than RA (or Maebashi is smaller). Since the analysis was done with the average measurement of several stations, yet to be proven, the use of more than one station would increase the accuracy of the results.
CONCLUSION
A downscaling scheme for satellite-derived estimations of rainfall is proposed. The main objective is to take advantage of this datasets and produce continuous wide-ranging rainfall fields by linking the inter-scale statistical characteristics of local fluctuations of rainfall with available raingauge measurement. A merit of the proposed downscaling scheme is that the spatial distribution of bias correction is somehow solved since computing starts with the measured intensity in a known location. The satellite-derived datasets are only used to identify the areas where heavy or low intensity is concentrated, and to estimate an initial value for H d . At the moment, the proposed relationships used by the model are valid at the studied area; and it highly depends on the ability of the TMPA estimates to recognize concentrations of heavy rainfall. Before applying the proposed model to undeveloped regions, further research should firstly focus on making the same inter-scale analysis in other countries with similar high-resolution datasets for validation, then using other satellitederived datasets with better representation of distribution of low and high intensity of rainfall, including a similar type of analysis for solving temporal intermittency, and finally, including worldwide available parameters that describe the type of rainfall to better estimate the statistical parameters.
